Objective: Powered assistive devices need improved control intuitiveness to enhance their clinical adoption. Therefore, the intent of individuals should be identified and the device movement should adhere to it. Skeletal muscles contract synergistically to produce defined lower limb movements, so unique contraction patterns in lower extremity musculature may provide a means of device joint control. Ultrasound (US) imaging enables direct measurement of the local deformation of muscle segments. Hence, the objective of this study was to assess the feasibility of using US to estimate human lower limb movements. Methods: A novel algorithm was developed to calculate US features of the rectus femoris muscle during a non-weight-bearing knee flexion/extension experiment by nine able-bodied subjects. Five US features of the skeletal muscle tissue were studied, namely thickness, angle between aponeuroses, pennation angle, fascicle length, and echogenicity. A multiscale ridge filter was utilized to extract the structures in the image and a random sample consensus (RANSAC) model was used to segment muscle aponeuroses and fascicles. A localization scheme further guided RANSAC to enable tracking in a US image sequence. Gaussian process regression models were trained using segmented features to estimate both knee joint angle and angular velocity. Results: The proposed segmentation-estimation approach could estimate knee joint angle and angular velocity with an average root mean square error value of 7.45°and 0.262 rad/s, respectively. The average processing rate was 3-6 frames/s that is promising toward real-time implementation. Conclusion: Experimental results demonstrate the feasibility of using US to estimate human lower extremity motion. The ability of the algorithm to work in real time may enable the use of US as a neural interface for lower limb applications. Significance:
I. INTRODUCTION
M ORE than 30 million people, in the United States alone, either face difficulty with mobility or use a wheelchair, cane, crutches, or walker [1] . While robotic lower-extremity assistive devices (i.e., prostheses and exoskeletons) hold the promise to improve the quality of life for this population, coordinating the movement of the device with the user's intent remains a challenge [2] . Many of the current control strategies rely on kinematic and kinetic features of gait (e.g., hip joint movement) [3] - [5] . Additionally, most of these control approaches work for cyclic movements and lack intuitiveness like response to neural input by the user [6] .
Surface electromyography (sEMG) has been used for over a decade now as a noninvasive human-machine interface to convey the intent of the user and enable intuitive device control [6] . Researchers have successfully fused sEMG data with other data sources, such as mechanical sensors on the device, to improve intuitiveness during ambulation [7] , [8] . sEMG has been used further for direct control of volitional movements [9] , [10] . However, sEMG is sensitive to a number of factors, such as change in electrode impedance, fatigue, sweat, and misalignment of electrodes [6] . sEMG interface is reliant on the quality of signal that is hard to maintain over time [11] , [9] . While implanted EMG sensors may overcome some of these limitations, still some limitations remain about EMG that are intrinsic to physiological factors. For instance, muscle crosstalk causes the lack of specificity in EMG recordings [12] . Also, inability of EMG in accessing deep muscles hinders the potential use of data from synergistic muscles [10] . Furthermore, invasive implantation may cause infections, especially in the case of vascular diseases/amputation. These limitations of kinematic, kinetic, and EMG-based control strategies have motivated researchers to search for new user interface technologies for both upper-and lower-limb devices [6] , [13] .
Noninvasive ultrasound (US) imaging can access deep muscle tissue and has been used as a peripheral interface for upperlimb applications. Contraction sensing of specific muscle groups through US imaging improves the specificity of intent recognition. Using US images of the upper arm, researchers were able to predict finger movements [14] - [16] . US has further shown promise in offline classification of 15 different hand motions and real-time graded control of a virtual hand for four different motions [17] . US has also been used to analyze the thickness of lower-extremity muscles during dynamic contraction induced by neuromuscular electrical stimulation (NMES). Rectus femoris (RF) muscle thickness exhibits a strong correlation to knee joint angle during single-joint knee extension and can therefore help optimize NMES systems [18] .
Of clinical importance, US analysis of skeletal muscle architecture has been extensively researched. Muscle thickness, cross-sectional area, pennation angle, fascicle length and angle between aponeuroses are among the kinematic muscle features which have shown a strong correlation to the muscle function [18] - [23] . Image echogenicity has been suggested to be reflective of an intramuscular process during ongoing motor unit recruitment, hence it might have a kinetic nature rather than a kinematic nature [24] . During muscle excitation-contraction, muscle kinetic features undergo a change during formation of cross-bridges and before force production. Whereas, kinematic features exhibit a change during sarcomere shortening (after the produced force overcomes muscle segment inertial forces) and before the joint motion. Therefore, US is capable of capturing the neuromuscular features that precede the joint motion and might be used for movement prediction.
To reduce the excessive time associated with manual image processing, several algorithms have been developed focusing on segmentation and tracking of muscle aponeuroses and fascicles [21] , [25] - [28] . Since most of the current approaches are mostly aimed for clinical assessment and diagnosis, they either require manual input [21] , [25] , [29] , [30] , are focused on measuring only one of the features [21] , [25] - [27] , [30] , [31] , or have high computational cost and not suitable for real-time applications [21] , [26] - [30] . Some methods assume a uniform shape for aponeuroses and fascicles [25] , [28] - [30] , whereas in many cases they appear as nonuniform line-like objects. On the other hand, similar problems are well researched in computer vision literature. The concept of ridge and valley is used in fingerprint enhancement [32] , which is similar to the enhancement of US images of skeletal muscle. Segmentation of muscle aponeuroses and fascicles resembles the lane-detection problem in autonomous driving research, which can be solved using the random sample consensus (RANSAC) model [33] .
We propose a novel approach for lower-limb volitional motion estimation based on US imaging. This framework involves an algorithm based on both a ridge filter for image enhancement and RANSAC for model fitting to extract the US features. We take a regression-based machine learning approach to estimate knee joint angle and angular velocity during a nonweight-bearing knee flexion/extension experiment and using the extracted US features. The estimations are then validated against the recorded motion of able-bodied human subjects. Five US-image-derived features of the RF muscle are used: muscle thickness, angle between aponeuroses, pennation angle, fascicle length, and echogenicity. Overall, we hypothesize that lower-limb proximal muscle kinematics and kinetics, noninvasively tracked by US imaging, can be used to estimate human distal movements. A reliable motion estimation performance may demonstrate the feasibility of using US as a peripheral interface for lower-limb assistive device control.
II. METHODS

A. Data Collection and Experiment
The non-weight-bearing knee flexion/extension experiment is used to demonstrate the predictability of intuitive movements and assess the performance of interfaces and algorithms for volitional control [9] , [10] . Similarly, a non-weight-bearing knee flexion/extension experiment was performed with 3 repetitions by 9 healthy, able-bodied subjects (5 M, 4 F; age: 26.2 ± 12.6 years old). Participants were seated and were instructed to fully extend their knee joint and flex it back to the rest position, at a comfortable pace and data was collected throughout the movement. The same scenario was repeated 3 times for each leg with 30 seconds of rest between the repetitions.
Participants were equipped with a custom-designed 3D printed US transducer holder placed 60% of the distance between the anterior superior iliac spine and proximal base of the patella. US probe was placed along the muscle and US images of the RF muscle were captured using a handheld and wearable US scanner (mSonic, Lonshine Technologies Inc, Beijing, China), shown in Fig. 1 . This system was modified by the manufacturer to support an extended US image acquisition (1024 frames, 13-16 frames per second (fps)). Standard grayscale US images were collected in real-time using a transmit frequency of 7.5 MHz and dynamic range of 50 dB. A PS-2137 wireless goniometer (Pasco, CA, USA) was used to measure the knee angle and angular velocity during the movement with a 20 Hz sampling rate. Data from the goniometer was recorded on a smartphone wirelessly and in real-time. Since the experiment equipment was wireless and portable, the participants were free to move within no certain range. This feature enables the study of skeletal muscles during locomotion experiments. The experimental setup on an able-bodied human subject is shown in Fig. 1 .
The experiment protocol, including the device, was approved by the institutional review board at the University of Texas at Dallas and all the participants provided informed written consent.
B. US Feature Segmentation
Based on muscle architecture, superficial and deep aponeuroses and fascicles are the objects of interest in US images during the motion. Thus, the algorithm involves segmentation of nonuniform line-like objects.
1) Structure Extraction: It is known that US image quality and the presence of other tissues, intramuscular vessels, noise, and artifacts can complicate automatic segmentation. To ensure the reliability of feature detection and best representation of the structures associated with objects of interest, preprocessing image enhancement was implemented.
In the context of scale-space theory, local ridge structures are defined as the main principal curvatures in an image [34] . They can be derived from the scale-space representation of an US image by convolution with Gaussian derivative operators using the following equations
where g(x, y; S) is a Gaussian kernel function, x and y denote spatial coordinates, S denotes the variance (scale) of the Gaussian kernel, and I(x, y) is the original image. The main principal curvature is then calculated as
(3) where R(x, y; S) is the ridge response at a given scale and may be used to reconstruct the ridge filtered image. A strong ridge response is obtained when the width of the local ridge structure in the original image has a value close to the standard deviation of the Gaussian kernel (i.e., S 1 2 ). 2) Multiscale Ridge Filter: Muscle aponeuroses have distinctly different widths compared to fascicles. Different fascicles may also have different thicknesses in a particular US image under consideration. Furthermore, the size and geometry of the same muscle may vary considerably in different people. Hence, there is no unique scale that can be used to handle all possible variations. To tackle this problem, a multiscale filter was investigated. The original image I(x, y) is convolved with a series of ridge filters with different scales and the maximal ridge response is used to reconstruct the final scale-invariant ridge filtered image, R S I , as
3) Morphological Operations: Morphological operations including binarizing, skeleton extraction, and pruning were performed to better represent the extracted structures in R S I . The binarizing step was performed by intensity thresholding [35] . To extract the skeletons, a thinning algorithm detailed in [36] was used. As the skeletonization leaves unwanted parasitic components, a simple pruning operation is necessary. The pruning process formed a cleared binary ridge map, RM binary . Finally, construction of the final ridge map, RM (x, y), superimposes the binary ridge map onto the original US image as
Consequently, RM has the same structures adopted from RM binary and the intensities mapped from I. 4 ) Aponeurosis and Fascicle Detection: RANSAC is an iterative two-phase hypothesis generation-evaluation method for model parameter estimation in the presence of noise and outliers [37] . Given the ridge map described by (3) and the fact that aponeuroses and fascicles are assumed line-like objects, a modified version of RANSAC, termed MSAC [38] was used for detection in the presence of other objects in the map. For the ridge map of a given frame, RM f , MSAC forms a cost function to evaluate the estimated model, θ f , (e.g., line parameters) and its associated consensus set, CS f , (e.g., the pixels spatially close enough to the estimated line). In addition, MSAC was modified to include grayscale intensities from RM f , as weights to model the cost function, which result in convergence towards the brightest object as follows
In an iterative manner, RANSAC updates CS f and θ f based on the cardinality and cost of consensus sets as described below
where i denotes a specific iteration. RANSAC stops iterating when a sufficient number of iterations is met [37] , [38] . The formation of minimal sample set (e.g., two points for line fitting) was further modified to use prior information. The minimal sample set formation was guided in a semi-random fashion where the model randomly picks data and fits the model θ f (generates the hypothesis), but only moves forward if θ f has the desired form (e.g., the line slope falls in a predefined range). The guided search scheme is useful to incorporate our knowledge of the aponeuroses and fascicles range of motion and could facilitate the detection process to be 5 times faster.
Since relative locations of the aponeuroses and fascicles are known, detection was performed on the upper-half and lowerhalf of the US images to detect superficial and deep aponeuroses, respectively. Subsequently, the area between two aponeuroses was used as the region of interest for fascicle detection. 
5) Detection-Tracking Scheme:
To decrease the computational cost and increase image processing accuracy, a detectiontracking scheme was manipulated to leverage the guided-search capability of RANSAC. For each object, using the final model θ f from frame f , the search area and the range of model parameters for frame f + 1 were localized to guide RANSAC. The possible translation (tr) and rotation (ro) of the aponeuroses and fascicle were used to specify the range for each aponeurosis and fascicle as
With both aponeuroses and the strongest fascicle detected in each frame, the echogenicity was measured by averaging the intensity of all pixels in the region of interest. The region of interest for calculation of echogenicity was the muscle segment in the field of view, including the aponeuroses. Muscle thickness and aponeuroses angle were calculated as the average distance, and the difference in orientations, between the two aponeuroses, respectively. Pennation angle was defined as the angle between the detected fascicle and deep aponeurosis. The fascicle was assumed not to be curved and its length was calculated by intersecting it by the two aponeuroses. Analysis of all the frames in an US sequence results in a set of time-series (F 5 i=1 ) for the five US features. The US feature segmentation algorithm is summarized in Fig. 2 .
C. Motion Analysis 1) Regression:
A regression study was performed to assess the potential of each US feature to estimate the knee motion parameters. Correlation parameters of each feature time-series to angle and angular velocity was measured using linear univariate regression. This understanding could be beneficial to rank the features based on their correlation score, and potentially eliminate unnecessary features to reduce the computational cost of segmentation and allow real-time operation.
2) Motion Estimation: To estimate knee joint motion parameters, including angle and angular velocity, a regression-based machine learning approach was utilized to generate continuous motion estimation data. US features were used as predictors and two different Gaussian process regression (GPR) models with quadratic kernels were trained to estimate knee kinematic parameters as the responses [39] . For consistency of data across the experiment sessions and for individual subjects, each feature time-series was normalized to its mean value. Subsequently, normalized time-series were used to train the GPR models.
3) Feature Selection and Validation: In most machine learning approaches, overfitting to training data and generalizability of the prediction performance to the future data can be an issue. Cross-validation (CV) is a widely used method to address these problems [40] . Although it is a common practice in some studies to first find a "good" subset of predictors and then start training models and cross-validating them, this approach is prone to give an optimistically biased estimation of performance [41] , [42] . Since the quality of each US feature as a predictor is not clear and they vary among different datasets, the feature selection process needs to be done for individual datasets. To avoid biased estimation of accuracy while performing feature selection, a technique called nested CV was used, which is regarded as an unbiased estimator of prediction performance [42] , [43] .
For an entire dataset of the features (F ), two nested CV loops are performed as illustrated in Fig. 3 . The repeating inner 3-fold CV loop involves the model parameter tuning and the feature selection, whereas the outer 5-fold CV loop estimates the 
where α * is the best feature set and M k is the resulting model from the training process in the inner loop. The outer loop takes α * as the input feature set, cross-validates the process M k and estimates its accuracy.
Applying the process M to the entire dataset F , the final model P is obtained.ê in (10) denotes the final performance estimate of the training process for an individual subject. The motion estimation error was calculated during the training process explained above by the root mean square error (RMSE) between the estimated motion time-seriesŷ t , and the measured time-series y t . Since feature selection is an integral part of the process M , GPR models were not necessarily trained using all the US features.
III. RESULTS
A. US Feature Segmentation Result
1) Structure Extraction: Even though the effectiveness of ridge filter enhancement and its contribution to reliability of the final detection result is not completely quantifiable, it was compared with the commonly used edge filter. Fig. 4 compares the fascicle structures extracted by an edge map, obtained by Canny edge detector, and the fascicle structures extracted by a ridge map. Whereas individual fascicles are very difficult to recognize in the edge map, the ridge map represents a very clear delineation of individual muscle fascicles.
Even a well-constructed ridge map may lead to failure in proper detection of underlying image structures if it works in favor of a group of structures with similar attributes. Low scalesets could cause an adversely strong representation of fascicles whereas aponeuroses may be reflected as broken structures as shown in Fig. 5(a) . Fig. 5 demonstrates the advantage of the multiscale ridge filtering strategy. The multiscale ridge map, Fig. 5(d) , provides an equally good representation of both fascicles and aponeuroses, whereas a single-scale ridge map may fail to represent one group, depending on the filtering scale, as shown in Figs. 5(b) , 5(c).
2) Detection-Tracking: The detection algorithm enables segmentation of the two aponeuroses and the strongest fascicle in a single frame, as shown in Fig. 6(a) . The inclusion of the detection-tracking scheme would further make the algorithm capable of tracking the detected objects; which is inherently faster. To leverage the localized search capability, the range of motion and thickness of aponeuroses and fascicles were used as prior knowledge for detection. The parameters were optimized based on the insights from other studies [19] , [20] , [23] , and the collected data in this experiment. Hence, orientation range of superficial aponeurosis was specified between −3 to 3 degrees, as it is attached to the skin through the subcutaneous fat layer, and orientation of deep aponeurosis between 160 to 180 degrees. The orientation of the fascicle was also considered in the range between 0 to 20 degrees, which helps guide the search in RANSAC. The thickness of the fascicles is around 1 mm, and the width of aponeuroses varies between 1 to 3 mm [23] , as used to determine the distance threshold in the formation of the consensus set. Additionally, a smaller range of motion was employed as prior information for tracking [28] , where the fascicle was assumed to have a maximum translation of 1 mm and to rotate no more than 1.5 degrees between two successive frames. Aponeuroses do not move as much as fascicles, so their maximum translation was approximately 1 mm and maximum rotation was found to be 0.5 degrees. The conversion of actual sizes in mm to spatial sizes in pixels was reliant on the image scaling of each specific US sequence. Fig. 6 displays the outcome of segmentation during an US sequence of knee flexion/extension where the aponeuroses are shown in blue and the segmented fascicle in red.
3) US Features: Analysis of US sequences using the proposed algorithm resulted in a time-series for each US feature. The US features from a sample subject captured from contraction of RF during knee flexion/extension are shown in Fig. 7 .
B. Motion Analysis Results
The time-series of US features from each subject leg were utilized as a dataset to study the correlation of US features with kinematic motion parameters of distal limb and GPR model training.
1) Regression Study: Among all the features, muscle echogenicity and thickness were consistently found to have the highest correlation with the angle and angular velocity, respectively. The other US features also exhibited a correlation to knee joint motion. Based on the feature selection outcomes, for joint angle estimation, echogenicity and thickness appeared in the best feature set for all the subjects, followed by the other US features that appeared in the best feature set for seven subjects. In the case of angular velocity, pennation angle and fascicle length appeared in the best feature set for 6 subjects and the other US features appeared in the best feature set for all the subjects. However, no consistent order was observed to help rank them based on their motion estimation power or to eliminate any of them due to poor correlation.
2) Motion Estimation: US features could estimate the knee motion using the models trained for each subject. It must be examined how well the estimation fits the original motion trajectory. The distribution of motion estimation errors during the movement is also useful for implementation purposes. Fig. 8 represents the quality of fit and error distribution of estimated knee joint angle ( Fig. 8(a) ), and angular velocity ( Fig. 8(b) ), using the GPR models trained by the US features shown in Fig. 7 .
In addition, performance of the models was estimated through the nested-CV. RMSE of the estimated trajectories for individual subjects are presented in Tables I and II. Table I contains the  results of knee joint angle estimation performance and Table II for the angular velocity. Overall, motion estimation performance averaged to 7.45 degrees for knee joint angle (Table I) , and to 0.262 rad/s for angular velocity (Table II) , across all the subjects.
IV. DISCUSSION
The segmentation-estimation framework evaluated the feasibility of using US as a peripheral interface for lower-extremity applications, through an US feature segmentation algorithm. The algorithm exhibits good precision for lower-limb human motion estimation and demonstrates the viability of US-based motion estimation. Hence, the study hypothesis was supported and it seems possible to estimate human lower-limb distal movements using proximal muscle kinematics and kinetics, measured by US imaging. Interpretation of our results and potential improvements and applications will be discussed in the following sections.
A. Advantages of the Proposed Approach
Feature segmentation algorithm is fully autonomous, which is a major advantage and enables practical implementation. The algorithm had a relatively low computational cost and the mean processing time for a 600 × 600 pixels frame was ∼3 fps with fascicle detection and 5∼6 fps without detection of the fascicle. This processing time, which is at least 15 times faster than the reported time for a similar method [27] , is promising towards the goal of real-time implementation.
As can be seen in Fig. 7, a slight difference was observed between the initial and final values of the US features that is likely due to muscle tonicity, but it did not interfere with the motion estimation performance. The motion estimation by GPR models was precise and could detect small changes in the motion profile, as may be observed in Fig. 8(b) . The models were relatively robust to segmentation error. However, segmentation outliers with large deviations may cause erroneous estimations. For instance, muscle morphology undergoes a rapid change at the onset of deformation which makes the images blurry and may lower segmentation accuracy. Hence, it may be the reason that causes the estimation errors in Table I and II, especially the higher RMS error values at transitions from rest to motion and motion to rest in Fig. 8 .
Our approach improved the results of a similar study in the prediction of knee joint angle [18] . Possible reasons include the inclusion of more US features in the proposed approach and the effect of NMES-induced contraction. Motion estimation accuracy of the proposed approach (7.45 ± 3.7 degrees), is also very close to a similar study that utilized sEMG for volitional prosthetic control during non-weight-bearing knee flexion/extension movement and achieved a trajectory tracking error of 6.75 ± 1.06 degrees [9] .
B. Potential Improvements and Limitations
There are a few considerations and potential improvements to the algorithm that need to be considered for implementation on an assistive device. Appropriate choice of scale sets is important to the success of the algorithm and should be optimized based on the data. For instance, utilizing very small scales may result in sensitivity of the ridge-filter to noise and artifacts, and representation of aponeurosis as a few disconnected objects. RANSAC can handle object non-uniformities using its threshold-based model fitting; however, the choice of threshold affects the accuracy of detection and extremely low and high thresholds may lead to wrong detection.
We were able to estimate knee joint motion using US images of RF as the only source of information; however, using US images of multiple layers of muscle (e.g., RF and vastus intermedius) could potentially further improve the accuracy of the method. To adapt the model for multiple layers of muscle, a multi-model fitting approach can be used such as mul-tiRANSAC [44] . Additionally, accurate estimation of angular velocity, solely from either flexor or extensor muscles, is hard to achieve, so a future direction would be to use simultaneous measurements from both muscle groups for velocity estimation. Due to in-series compliance of muscle-tendon units, muscle fascicle behavior does not necessarily reflect joint motion [45] . Also, RF is a bi-articular muscle, crossing both knee and hip joints, and might show little to no length change during multijoint movements. Hence, relevancy of the approach (especially, the fascicle features) needs to be further investigated for the activities involving the movement of multiple joints. The contribution of US features of the other muscles in the upper leg may need to be studied to find the possible sources of information for motion estimation. A correlation (R 2 > 0.6) was also observed between pennation angle and fascicle length. Given that the features related to fascicles did not exhibit the highest motion estimation power, and the high computational cost of fascicle detection, alternative methods to measure the dominant orientation of fascicles may be helpful rather than direct segmentation. Moreover, the algorithm may further benefit from using parallel processing techniques and GPU-accelerated computing to decrease the computational cost.
This work was intended to serve as a proof of viability of using US as an interface for lower-limb motion estimation. Yet there are a few limitations that should be noted and investigated in the next study. GPR models were trained using individual subjects, thus, future work is needed toward motion estimation of novel subjects. Proximal neuromuscular disorders or dystrophy may accompany distal joint disabilities, and the estimation accuracy may reduce for amputee subjects due to their decreased ability to contract the muscles in residual limb, as reported for upperlimb amputees [46] . Therefore, for the proposed method to find its application in assistive device control, ultrasound images from impaired muscles and residual limb of amputee subjects should be included and appropriate refinements are necessary. In this study, we used a regular linear array US probe, placed on the thigh by a 3D-printed holder. While this type of probe is very easy to access, it has a non-conforming surface, touching the skin through a water-based transmission gel to match the acoustic impedance of the probe with the skin. We examined the setup over a three hours period of various activities and did not observe a decrease in image quality. Nevertheless, it is still prone to having contact issues over a longer period of time. Moreover, misalignment of the linear US transducer, errors in its orientation, and relative motion of transducer and skin might alleviate the estimation performance [47] . Hence, we are planning to evaluate the sensitivity and robustness of the proposed approach to these changes in future studies. The sampling rate of the US scanner was relatively low, and it might not be enough to capture muscle movements during the activities that have a higher pace. Therefore, higher sampling rates may be desired in the future. With recent efforts in miniaturization of US technology [48] - [50] , a feasible ultimate state would be to incorporate this technology as a dedicated US transducer, embedded in the socket of the prosthetic, contacting the skin through non-liquid transmission materials and controlled by a small, low-power microprocessing unit.
US kinetic features are anticipated to precede muscle force production and US kinematic features are anticipated to precede joint motion. However, a reliable measurement of the amount of time that US features precede the joint motion is needed. An interesting direction for the future works is then to study whether US features are helpful to predict the motion in time. Additionally, the amount of time that the joint motion could be accurately predicted in time should be measured.
C. Potential Applications
As a preliminary study with US data, the results are promising and may help overcome the challenges in volitional control. Hence, the results of this study might be directly applied to the volitional control of assistive devices for non-weight-bearing volitional movements. Since different US features are indicative of different characteristics of muscle contraction, (e.g., muscle thickness is related to the level of contraction and fascicle length could be regarded as an indicator of muscle lengthening and shortening), our approach could be used to estimate other motion parameters and handle other sorts of tasks. For instance, muscle lengthening and shortening is the distinctive feature between dynamic and isometric contractions and we anticipate that the kinematic US features might help differentiate between the two types of tasks. Therefore, there are a number of other applications for this approach, including joint motion estimation during weight-bearing volitional movements such as sit-to-stand, and correlating the US measurements with the knee joint torque to gain insights into feasibility of using US for direct joint torque control. Moreover, US features may exhibit different patterns for different locomotion modes, hence, the proposed approach can be used for classification of locomotion modes and transition detection.
Appropriate control inputs provided by the US interface will enhance the control intuitiveness and can be utilized in various devices including powered prosthetics and exoskeletons. The proposed approach may also be employed to regulate joint stiffness parameters in a passively-controlled assistive device to improve its performance on various terrains.
V. CONCLUSION
Using US imaging as a neural interface for lower-limb motion estimation appears promising. An approach was demonstrated to use proximal musculature to estimate distal motion. Motion estimation results are promising and the ability of feature extraction algorithm to operate in real-time further motivates the future work toward volitional and direct assistive device control. The high level of motion estimation accuracy achieved by US can potentially lead to significant improvements in assistive device control, including subject invariance, improved intuitiveness and volitional control. Eventually, overcoming these challenges will propel the movement toward fully autonomous lower-limb assistive devices.
